Abstract. Insect behavior is a common source of inspiration for roboticists and computer scientists when designing gas-sensitive mobile robots. More specifically, tracking airborne odor plumes and localization of distant gas sources are abilities that suit practical applications such as leak localization and emission monitoring. Gas sensing with mobile robots has been mostly addressed with ground-based platforms and under simplified conditions and thus, there exist a significant gap between the outstanding insect abilities and state of the art robotics systems. As a step towards practical applications, we evaluated the performance of three biologically inspired plume tracking algorithms. The evaluation is carried out not only with computer simulations, but also with real-world experiments in which, a quadrocopter-based micro Unmanned Aerial Vehicle autonomously follows a methane trail towards the emitting source. Compared to ground robots, micro UAVs bring several advantages such as their superior steering capabilities and fewer mobility restrictions in complex terrains. The experimental evaluation shows that, under certain environmental conditions, insect like behavior in gas-sensitive UAVs is feasible in real world environments.
Introduction
Gas-sensitive mobile robots have a number of important applications ranging from emission monitoring at industrial facilities to support contingencies where hazardous gas leaks might have occurred. A typical task to address in the above mentioned scenarios is gas source localization (GSL) in which, the robot identifies and navigates autonomously towards the spatial location from which gas is being released. Insect behavior is a common source of inspiration for GSL algorithms [1] [2] [3] [4] due to their outstanding ability to track airborne plumes from distant odor sources [5] . In an analogous way, gas-sensitive robots can use different sensing modalities and actuation capabilities to mimic the plume tracking behavior in order to reach a gas source location. Bio-inspired algorithms are commonly based on two behaviors where the movement of an organism (or robot) (a) Surge-Cast Algorithm (b) Zigzag Algorithm (c) Pseudo Gradient Algorithm Fig. 1 . Illustration of (a) the surge-cast algorithm introduced by Lochmatter [8] , (b) the zigzag algorithm introduced by Ishida et al. [9] , and (c) the pseudo gradient algorithm [10] . The stars indicate the positions where the wind direction is measured. In (a) and (b) the gas concentration is measured permanently, whereas the gas concentration in (c) is only measured at the indicated measuring positions. The gray dotted line is the flight path of the micro UAV.
is determined either by the concentration gradient (chemotaxis) or the sensed airflow (anemotaxis). GSL is a very challenging task since in realistic environments (at length scales of interest) turbulent advection is a key mechanism for gas dispersal. There is no smooth gradient towards a gas source that the gas-sensitive robot could easily follow. Instead the gas typically arrives as an intermittent sequence of puffs at the sensor surface. In addition, the limitations of the sensing modalities pose an additional challenge to overcome when designing gas-sensitive robots. For example, commercially available metal oxide (MOX) gas sensors acquire measurements with frequency components of up to 0.04Hz [6] . In contrast, moths sense changes in chemical concentrations in the range of 1 to 10Hz [7] . While micro Unmanned Aerial Vehicles (micro UAVs) can move and steer faster than moths (12m/s vs. 0.5m/s), their moving capabilities are limited by the slow response time of current gas sensors as the micro UAV could fly through a gas plume without detection. In addition, the slow recovery times can introduce delay artifacts, which means that high concentrations are reported further away from their actual position. Further challenges arise from the physical configuration of the robots. For example, the gaseous plumes can be disturbed by the propulsion system of flying robots (e.g., rotors) or by the bulky size of wheeled platforms.
This work compares three reactive plume tracking algorithms for a quadrocopter-based micro UAV that is deployed in real-world environments: the surgecast algorithm (a variant of the silkworm moth algorithm in [8] ), the dung beetle algorithm [9] , and the pseudo gradient algorithm [10] . As a step towards practical applications, we evaluated the performance of the algorithms not only in simulations but also in real-world experiments using a micro UAV. Micro UAVs, especially quadrocopters, are suitable for GSL as they can be equipped with a variety of sensors and navigated precisely to the region of interest. The benefits of using quadrocopters instead of ground-based robots are their superior mobility and navigation speed [11] . Quadrocopters also allow to take more informative gas concentration measurements in comparison to, e.g., a plane due to their ability to hover over a certain position. This paper is structured as follows, we first discuss in Sec. 2 the above mentioned reactive plume tracking algorithms adapted for a micro UAV. Next, we present in Sec. 3 the gas-sensitive micro UAV used within this work. Finally, we evaluate the performance of the algorithms in simulation (Sec. 4) and real-world experiments (Sec. 5), draw conclusions, and identify directions for future work (Sec. 6).
Odor / Gas Source Localization
The process of GSL is comprised of three (different) subtasks, namely, plume acquisition, plume tracking, and source declaration. During plume acquisition, the robot collects odor cues that allows it to steer towards a gaseous plume, while plume tracking is the behavior adopted by the robot to move along/within the acquired plume. The task of GSL is finalized when the robot reaches a given location which is predicted by the source declaration algorithm to be the most likely position of the emitting gas source.
In the following subsections we list the different tracking/plume acquisition algorithms used for this work. An overview of the plume tracking algorithms considered within this work is given by Table 1 . Gas source declaration is not considered in this work.
Plume Acquisition
Possible plume acquisition strategies to make contact with the plume are passive monitoring of the environment and active exploration strategies. A passive strategy (waiting for the plume) is not feasible for a flying, high power consuming micro UAV. Instead, an active exploration strategy has to be used, for example, a randomized or systematic search.
In this work, the micro UAV was programmed to follow a sweeping trajectory. The micro UAV makes a step orthogonal to the wind direction as long as the plume is not found. If the micro UAV would leave the search area, one step in upwind direction (or search direction) is made by the micro UAV and sweeping direction is inverted. One step is defined here as a movement of the micro UAV of ≥ 1m from the current to the next measuring position. When the plume is found, the micro UAV switches to plume tracking.
Odor / Gas Plume Tracking
The first two algorithms presented in this subsection use only binary gas information from one sensor, i.e., either presence or absence of the target gas. To obtain this binary value in our experiments, the average measured gas concentration is thresholded (th c ). Using binary gas information helps to mitigate calibration issues with the gas sensors. The third algorithm uses directly the measured concentrations from two spatially separated measuring positions. All algorithms presented need a wind sensor to measure the local wind direction. The wind speed, on the other hand, is not used as input to the algorithms.
Surge-Cast Algorithm Lochmatter presented in [8] the surge-cast algorithm. It is a combination of plume tracking strategies used by the silkworm moth and works as follows ( Fig. 1(a) ): The robot moves straight upwind until it looses contact with the plume for a certain distance d lost . Then, it tries to reacquire the plume by searching crosswind for a defined distance d cast on both sides.
Every time the robot switches its behavior from upwind surge to casting and vice versa, the wind direction is re-measured.
In this work, the surge cast algorithm was adapted to cope with the constraints of GPS-based localization [12] . The plume is declared lost when the micro UAV measures an average concentration below the threshold th c after one step. The plume is reacquired by casting behavior with increased step size in cross wind direction. If casting fails to reacquire the plume, the micro UAV returns to the sweeping strategy.
Dung Beetle Algorithm The dung beetle (or zigzag) algorithm was first adapted for robots by Ishida et al. [9] . The basic algorithm works as follows ( Fig. 1(b) ): The robot moves upwind with an angle α (e.g., α = 60
• ) across the plume constantly sensing gas concentrations. If the gas sensor measures a concentration below the threshold th c , the robot is assumed to have reached the edge of the plume. It then re-measures the wind direction and continues moving upwind with an angle −α with respect to the upwind direction. This procedure is repeated causing the robot to move in a zigzag fashion within the plume. The robot is stopped, when it has reached the source.
In comparison to the original algorithm, the micro UAV does only collect gas and wind measurements at the waypoints where it stops.
Pseudo Gradient Algorithm The idea for the first gradient-based algorithms for plume tracking goes back to Braitenberg [13] . The chemical gradient is measured by a pair of bilateral gas sensors mounted on each side of a robot, each directly controlling the speed of a wheel. Although a purely chemotactic approach does not perform well, a Braitenberg-style robot is able to track a plume towards a gas source by following the concentration gradient [14] . A key drawback of this approach is that the wind data is not considered. Without wind information, it is often not possible to determine whether the robot is moving away or towards the gas source.
A common approach for plume tracing robots is to measure concentration gradients using a differential sensor array [3] . As the rotors of the micro UAV introduce strong disturbances, a differential sensor array is not feasible. Instead, -surge in upwind direction while in contact with plume and casting otherwise -parameters removed:
• plume is declared lost if concentration is below a threshold at a waypoint • casting is performed with defined step size Surge-Spiral dgap -surge in upwind direction while in contact with plume and move along an Archimedes spiral with gap size dgap otherwise -not implemented / reason: spiral movement is not promising with micro UAV that disturb the plume structure with its propulsion system Zigzag α -upwind plume crossing with angle α with turns at the edge of the plume -gas and wind measurements only taken at waypoints Pseudo Gradient β -spatially separated measurements taken at two waypoints to determine the direction of the upwind movement using the measured wind directions and concentrations -upwind direction is limited by ±β an alternative sensing strategy was introduced in [10] . The pseudo gradient algorithm considered here consists of the following steps ( Fig. 1(c) ): The micro UAV collects gas sensor and wind measurements at position p 1 and makes a step orthogonal to the average measured wind direction. At position p 2 the gas concentration and the wind is re-measured. Next, the new measuring position p 3 is calculated based on the concentration gradient grad(c p1 ,c p2 ), a meta-parameter β that is the maximum possible upwind angle the micro UAV can take, the averaged measured gas concentrations and the averaged wind directions collected at both positions, and the center position p c [10] . Finally, the micro UAV flies directly to position p 3 and repeats with the first step. If the averaged concentration measured at positions p 1 and p 2 equal zero, the micro UAV returns to sweeping with changed sweeping direction.
Robotic Platform
The Airrobot AR100-B micro UAV (Airrobot GmbH & Co. KG, Germany) has a diameter of 1m and is driven by four brushless electric motors (Fig. 5) . The micro UAV was modified to incorporate gas-sensitive devices as payloads. For the experiments, an electronic nose (e-nose, AASS,Örebro University) was used as gas-sensitive payload. The e-nose is capable of accommodating four commercially available MOX sensors (i.a., TGS2611 -CH 4 ) and an electrochemical (EC) cell. Gas transportation to the sensors is accomplished by redirecting the downwards directed airflow of one rotor through a carbon fiber tube [12] . Since wind information is of high importance for gas-sensitive robots, the wind vector is estimated by fusing the micro UAV's on-board sensors to compute the parameters of the wind triangle [12] . A more detailed description of the micro UAV and its payload can be found in [11, 12] .
The micro UAV was programmed to stop at each measuring position to collect gas sensor and wind measurements for a prolonged time. Finally, the collected measurement data is averaged over the measurement time at each measurement point.
Simulation Experiments
Simulations were performed in order to evaluate the performance and robustness of each plume tracking algorithm under repeatable conditions. The performance is measured by using the distance overhead d o as a metric, which is defined as the ratio between the traveled distance of the micro UAV and the upwind distance to the gas source. This metric was introduced in [8] and indicates what distance the robot had to move in order to come 1m closer to the source. The robustness is defined as the success rate of the algorithm.
As simulation environment, we use the filament-based gas dispersion model developed by Pashami et al. [15] . In addition, we developed a sensor model in analogy to the one presented in [16] . The sensor response model is given by two independent exponential functions, one for the rising edge, and a second for the decaying edge. The time constants of the exponentials are fitted by using experimental sensor data. The positioning system error of the micro UAV is modeled as a zero-mean normal distribution with σ set to 1.17m (the value was obtained from real-world experiments [11] ). To model the disturbances of the rotors on the measurements, the gas concentration values are simply averaged at the measurement position within a radius of 0.5m before applying the gas sensor model. The wind sensor is modeled as a perfect sensor with noise added to the directional component using samples of a zero-mean normal distribution (N 0, σ 2 θ ) with variable σ θ .
Simulation Setup
The experiment area is a 32 × 8m 2 simulated wind tunnel. The flow speed in the wind tunnel was set to 0.5m/s. A circular gas source with a radius of 0.2m was placed at position (2, 4)m. The gas source releases 500 filaments per second, which are uniformly distributed over the circular area of the source [15] . In each run, the micro UAV was started inside the plume at position (31, 4)m. The step size was set to 1m. The measuring time at each sampling location was set to 20s with a sampling frequency of 1Hz and the threshold th c was set to 0.05 (concentration data are normalized between 0 an 1). The parameter α of the zigzag algorithm and the parameter β of the pseudo gradient-based algorithm were successively set to 15
• , 30
• , 60
• , and 75
• (zigzag) and 30
• , and 90
• (gradient). The wind sensor noise σ θ was variable during all sets of experiments and a total of 100 runs were performed for each value of σ θ . A run was considered successful, if the micro UAV reached a 1.5 × 2m 2 large area centered in front of the source, and unsuccessful, if the robot touched an arena wall or missed this target area.
Simulation Results
A total of 5, 600 runs were performed for the three plume tracking algorithms. A sample trajectory of a successful run for each algorithm can be seen in Fig. 2 .
The results of the surge-cast algorithm are shown in Fig. 3(a) . The distance overhead of the algorithm is lower than 1.5 for σ θ ≤ 29.12
• and it seems that the wind sensor noise has only a marginal influence on the performance of the algorithm as long as the error does not exceed σ θ > 29
• . However, the wind sensor noise strongly affects the success rate. Success rates above 90% were only obtained up to a wind sensor error of σ θ = 22.26
• . A success rate of 100% was only achieved with a wind sensor error of σ θ = 0
• . Fig. 4 presents the results of the zigzag algorithm. The performance of this algorithm depends heavily on its parameter α (upwind angle): small upwind angles result in a small distance overhead but also in a low success rate, whereas a large angle significantly increases the success rate and the distance overhead at the same time as the micro UAV has to turn more often at the plume boundaries to stay within the plume. Thus, the upwind angle α presents a trade off between robustness and performance of this algorithm and has to be chosen carefully. Again it seems that the wind sensor noise has only a small influence on the performance of the algorithm. Reasonable results with high success rates (> 90%) up to a wind sensor error of σ θ = 29.12
• were only obtained with α = 60
• and 75
• . Success rates of 100% were achieved with α = 60
• up to a wind sensor error of σ θ = 22.26
• . The results of the pseudo gradient algorithm are presented in Fig. 4 . The parameter β has only a minor influence on the performance and the success rate of the algorithm. The value of β should not be too small as a small angle can prevent the micro UAV from reacquiring the plume. The wind sensor noise seems to affect mainly the success rate of the algorithm. Reasonable results with high success rates (> 90%) up to σ θ = 29.12
• were obtained with β set to 60
• and 90
• . Success rates of 100% were achieved with β = 90
• up to a wind sensor error of σ θ = 17.76
• . Fig. 3(b) shows a summary of the obtained simulation results of all three algorithms with σ θ = 14.02
• . It can be seen that the zigzag algorithm with α = 15
• and the surge-cast algorithm have the best distance overhead (1.07±0.05 and 1.12 ± 0.10), followed by the zigzag algorithm with α = 30
• (1.23 ± 0.06). The pseudo gradient algorithm has a distance overhead of 1.81 ± 0.05 (β = 30
• ), 1.91 ± 0.08 (β = 60 • ), and 2.04 ± 0.15 (β = 90 • ) and lies in the medium range, followed by the zigzag algorithm with α = 60
• (2.12 ± 0.13) and α = 75
• (4.06 ± 0.38). Therefore, the zigzag algorithm with α = 15
• and 30
• and the surge-cast algorithm are the most efficient algorithms within this comparison, but also the least robust ones. Even with a small wind sensor error of only σ θ = 14.02
• , they are not able to reach success rates of 100%. High robustness and reasonable distance overheads are given by the pseudo gradient algorithm and the zigzag algorithm with α = 60
• . The zigzag algorithm with α = 75
• offers the highest robustness, but produces the largest distance overhead in this comparison.
Lochmatter [8] also performed 1350 simulated runs for pure casting (zigzag), surge-spiraling, and surge-casting using a comparable simulation environment. • , and (c) 75
• and using the pseudo gradient algorithm with β set to (d) 30
• , (e) 60
• , and (f) 90
• . The error bars indicate the confidence interval with 95% confidence level for the mean (assuming normally distributed data). The last bar is omitted in each bar plot because of the small number of successful runs.
Unfortunately, a gradient-based algorithm was not considered in his comparison. However, our results for the surge-cast and zigzag algorithm are comparable to the results he obtained.
Real-world Experiments

Experiment Environment and Setup
All real-world plume tracking experiments were carried out in a 20 × 16m 2 wide open outdoor area surrounded by trees and buildings, which introduced a certain level of turbulence (Fig. 5) . The micro UAV was equipped with an e-nose with a sampling rate of 8Hz for each sensor. The step size of the micro UAV was set to 1.5m for the surge-cast and the pseudo gradient algorithm, and to 2.0m for the zigzag algorithm. The parameter α of the zigzag algorithm was set to 60
• in the first and 75
• in the second run. The parameter β of the pseudo gradient algorithm was set to 60
• . The flight speed of the micro UAV between the measurement positions was set to 1m/s. Because of the low altitude of the micro UAV of about 1.5m and the inaccuracies given by the altitude control of the micro UAV below < 5m, the altitude was kept constant manually during the experiments. A methane (CH 4 ) gas cylinder connected via a small tube to a fan (in order to spread the analyte away) was used as the gas source during all experiments and placed at position (3.2, 5.7)m from the bottom left corner within the experiment area. The starting point of the trajectory is illustrated by the red star. The corresponding algorithm was activated directly after take-off, which started the experiment. Please note that in our experiments no artificial conditions were introduced to simplify the experiments. In comparison to a wind tunnel, the fan did not produce a laminar wind flow over the experiment area. Instead, additional turbulence could have been introduced by the gas cylinder and the running fan.
Experiment Results
The wind conditions during the experiments were more or less stable and permitted performing a total of 6 successful runs: each algorithm was conducted twice. The circular variance S 0 is a dimensionless number and used here to describe the degree of turbulence (stability of the wind) during the different experiment runs.
Figs. 6(a) to 6(c) show the trajectories produced by the micro UAV and Table 2 shows the experiment results in a summary. The plume acquisition phase was not considered in the evaluation to make the results comparable with each other and to the wind tunnel experiments performed by Lochmatter [8] . Runs #2 (surge-cast) and #6 (pseudo gradient) are particularly noteworthy. Here the wind direction varied significantly during the runs which prevented the micro UAV from making further progress for some time. This is indicated in Fig. 6 with black arrows. However, the small number of experiments, the different chosen step sizes and upwind angles for the zigzag algorithm, and the constantly changing structure of the plume (due to changing wind conditions) • is indicated with black arrows (in run #2 and #6).
do not permit obtaining strong statistical significance of the performance of the algorithms.
Lochmatter's Ph.D. thesis [8] compared three bio-inspired algorithms in experiments with real robots in an 18×4m 2 large wind tunnel: pure casting (zigzagging), surge-spiraling, and surge-casting. A total of 7 × 20 runs were performed with the following configurations: d lost = 0.40m, d cast = {0.14, 0.43, 0.72} m, α = {10, 20, 30}
• , and d gap = 0.58m (the parameter for the surge-spiraling algorithm). In each run the robot was released in the plume at a position approximately 14.5m downwind from the source. The results of the experiments suggest that the surge-cast algorithm (d o = {1.12, 1.10, 1.05}) slightly outperforms the surge-spiraling algorithm (d o = 1.14) as the algorithm moves the robot only backward and forward instead of moving it in complete circles to reacquire the plume. The pure casting algorithm, however, decreases its performance with increasing α as the robot has to turn more often at the plume boundaries to stay within the plume (d o = {1.16, 1.43, 1.63}).
The implementation of the bio-inspired algorithms used in this work are slightly different to their initial implementation (e.g., d lost and d cast were removed) to be conform with the constraints of the micro UAV given in GPSmode [11] . When comparing our results with those from Lochmatter, it is evident that the magnitude of the distance overhead is about twice as large. However, this comparison has only a limited validity due to the different platforms used (ground-based robot vs. micro UAV) and the different experiment setups. Reproducible conditions in the wind tunnel using a laminar airflow allow for generation of approximately the same plume structure (width, intermittency, and concentrations) within the experiment setup. This cannot be achieved in the real world that is turbulence-dominated. Another problem is the different chosen α parameters used with the zigzag algorithm.
The results demonstrate that plume tracking can be performed in a realworld outdoor environment under stable wind flow regimes. The micro UAV was able to reacquire the plume even during varying wind conditions and successfully reached the gas source in 6 of 6 trials. Comparing the results of Lochmatter with the results presented here indicates that the surge-cast algorithm has a higher performance than pure casting (zigzagging; α = 75
• ), even though pure casting is more robust. Further, it can be seen that the pseudo gradient algorithm is at least as efficient in the real world as the surge-cast algorithm due to the frequently performed reacquire (casting) steps of the surge-cast algorithm.
Summary and Conclusions
This work presents a comparison of three bio-inspired plume tracking algorithms for a gas-sensitive micro UAV. The performance of the presented algorithms was evaluated in simulations and tested in real-world experiments. In fact, the relatively small number of real-world experiments does not allow for obtaining strong statistical significance regarding the performance of the plume tracking algorithms in natural environments. However, the results of the real-world experiments demonstrate that plume tracking with a gas-sensitive micro UAV can be done under stable wind flow regimes. The micro UAV was able to reacquire the plume even during periods of strongly changing wind. The initial results from the real-world experiments indicate that the pseudo gradient algorithm is at least as efficient as the surge-cast algorithm. A good correlation between the results from simulation and real-world experiments can be found for the pseudo gradient algorithm and the zigzag algorithm. Thus, the pseudo gradient algorithm and the zigzag algorithm (with larger upwind angle) are the most promising algorithms to use with the micro UAV. Furthermore, the results of our simulation and real-world experiments were put into relation to the results obtained in [8] and we could confirm most of the conclusions despite the very different experiment setups (different model of the robot and its sensors, wind tunnel vs. outdoor experiments).
However, it is often difficult in the mobile robot olfaction community to compare results obtained by different researchers for following reasons: proprietary simulation frameworks are typically used and real-world experiment setups are build where artificial conditions are introduced to simplify the experiments (such as a steady constant airflow and the presence of a single gas source emitting a known chemical compound at a constant release rate [6] ). However, it is unclear whether the results obtained from those simplified experiments extend to more complex outdoor environments, where the airflow is turbulence-dominated [17] .
To overcome the discrepancy between artificial(ly-created) and natural environments, we suggest to develop non-application-oriented simulation and realworld reference scenarios. These scenarios could be used for evaluation of the performance of novel olfaction-based mobile robot navigation algorithms under more uniform conditions that would allow to compare their performance directly with each other. Once this initial evaluation has been performed in the reference scenario, efforts can be made to customize and tailor the algorithm towards its specific application.
In general, future work should include running large test sets with different wind and weather conditions on, e.g., wide open areas to obtain the performance and robustness of these algorithms in natural environments.
